Abstract: Human mobility data have become an essential means to study travel behavior and trip purpose to identify urban functional zones, which portray land use at a finer granularity and offer insights for problems such as business site selection, urban design, and planning. However, very few works have leveraged public bicycle-sharing data, which provides a useful feature in depicting people's short-trip transportation within a city, in the studies of urban functions and structure. Because of its convenience, bicycle usage tends to be close to point-of-interest (POI) features, the combination of which will no doubt enhance the understanding of the trip purpose for characterizing different functional zones. In our study, we propose a data-driven approach that uses station-based public bicycle rental records together with POI data in Hangzhou, China to identify urban functional zones. Topic modelling, unsupervised clustering, and visual analytics are employed to delineate the function matrix, aggregate functional zones, and present mixed land uses. Our result shows that business areas, industrial areas, and residential areas can be well detected, which validates the effectiveness of data generated from this new transportation mode. The word cloud of function labels reveals the mixed land use of different types of urban functions and improves the understanding of city structures.
Introduction
Urban functional zones are the areas assigned to different social and economic activities. It can be divided into several types (i.e., residential, commercial, educational, and industrial zones) [1] , which are firmly related to human mobility and social behavior [2] [3] [4] and are essential for urban planning applications such as transportation design, air pollution prevention and other social studies [5, 6] . Therefore, the effective and efficient detection of urban functional zones has been an essential issue in recent studies.
The challenge of this work is capturing high-level latent semantic concepts that reflect human activities other than physical characteristics (such as reflectivity and texture). The majority of scientists take advantage of human mobility data such as taxi trajectories [7] , mobile trace data [8, 9] and check-in data on social media [10] to gather information about place and model urban structure. These studies perform well in understanding the human activities that occur in space and demonstrate the correlation between travel patterns and urban functions [6] .
Meanwhile, public bicycle-sharing systems (BSS), aiming at providing the missing links (also called the last-mile connection) in public transportation systems and promoting short-distance green transportation [11] , has a promising position among urban cities in China and a fundamental role in residents' daily travel [12] . A mixture of land use or urban functions could offer residents the opportunity to live, work, shop and enjoy recreation facilities within their community. Such mixed land use and urban functions lead to shorter trip length and a possible transportation mode shift from cars to bicycles [13] . Thus, compared to taxis or floating cars, the public bicycle-sharing system may provide richer information for understanding a complex urban structure. A public bicycle-sharing system also has broader station coverage than other public transit/commuting tools [14] , making it an ideal choice for a seamless city-scale analysis.
Some place-related questions have been discussed in the literature by BSS researchers. Froehlich [15] tries to use the distance between station location and the city center to explain the interrelationship between place and the temporal usage pattern. The same considerations have appeared in Faghih-Imani's [14] bicycle flow prediction model. These studies focus more on explaining travel behavior by applying urban functions/land use information instead of using this short-trip human mobility for urban functional zone categorization. In Froehlich's following work [16] , he pointed out that trends in station usage could be used to infer attributes about neighborhoods. However, he did not give a complete explanation on how to perform the prediction. O'Brien [17] applies a clustering method to bicycle stations to understand the demographics, but no local characteristic is addressed. Thus, we intend to perform urban functional zone identification using BSS data and develop an analysis framework using state-of-the-art topic modelling and machine learning techniques in human mobility studies.
In this paper, we propose to use public BSS data with POI information for the automatic identification of urban functional zones. The analysis framework is tailored for the station-based sample data and extends existing topic modelling approaches by adding a visual expression of land function word clouds for each functional zone. The function tags are retrieved from POI information to help the manual interpretation of land use and human behavior. Our model is implemented to sense the urban functional zones in Hangzhou City, China, which has the most extensive public bicycle system with substantial and stable daily usage. As the first attempt to integrate BSS station-based rental records with POI information to detect urban functional zones, we contribute a new perspective to use this new station-based data to depict urban structures and mixed land use patterns.
Study Area and Data

Study Area
Being the host city of the Group of 20 Summit in 2016 and the Asian Games in 2022, Hangzhou City attracts world attention. It is a first-tier city in China and is moving towards becoming a technology hub, contributing 1131.4 billion yuan in gross domestic product in 2016 [18] or a 1.52% of the whole country. The population of its urban area (Hangzhou City in Figure 1 ) has exceeded 5.44 million by 2016 [18] .
The local government initiated the Hangzhou Public Bicycle System to foster seamless public transportation in 2008 [19] . The maximum daily usage so far has reached 473,000 times, showing that it has been a mainstay in citizens' regular travel choice in ten years' development.
Like other BSS around the world, except for Paris [20] , the spatial distribution of bicycle stations was first limited to the central urban district and some high population density areas around major metro stations, residential areas, commercial centers, and tourist attractions and then gradually expanded to the peripheral regions. There were 50,000 bicycles in 2000 stations at the end of 2009, increasing to 85,573 bicycles in 3403 stations in November 2017 [21] . The local government is still investing in the public bicycle infrastructure to improve and enlarge the network coverage. 
Data
The public bicycle-sharing system is classified as a third-generation BSS. It enables citizens to use smart cards and kiosks to check in and check out and to pick up bicycles at any bicycle station in 24 h. However, it lacks real-time control for each bicycle and dynamic access to other transport modes. The capacity of a station/hub ranges in size from 7 docks (temporal station or less dense area) to up to 66 docks (city center).
In our study, we sampled the rental records of all bicycle stations hourly from 2017-11-11 06:00 to 2017-11-21 05:00 and observed the number of rented and restored bicycles for each station. We do not use any personally identifiable information.
The POI data are provided by Gaode Map, also known as AutoNavi Maps, which is a Chinese web mapping, navigation, and location-based service provider. A typical Gaode POI record for Beijing Tiananmen Square is { "id": "B000A60DA1", "name": "Tiananmen Square", "type" :" Tourist Attraction; Scenery Spot; National View Spot ", "typecode": "110202", "biz_type": "tour", "address": "East Chang'an Road", "location": "116.397477, 39.908692", …}. Gaode POI data have a three-level category system (see Figure 2 ) with 23, 264, and 871 POI types, respectively. The first two digits of typecode represent the first-level category of the type field, the following two digits represent the second level category of the type field, and the last two digits represent the third level category of the type field. A higher-level category has more detailed type information. In our study, we focus on the second level type field of POI data. 
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The POI data are provided by Gaode Map, also known as AutoNavi Maps, which is a Chinese web mapping, navigation, and location-based service provider. A typical Gaode POI record for Beijing Tiananmen Square is { "id": "B000A60DA1", "name": "Tiananmen Square", "type" :" Tourist Attraction; Scenery Spot; National View Spot ", "typecode": "110202", "biz_type": "tour", "address": "East Chang'an Road", "location": "116.397477, 39.908692", …}. Gaode POI data have a three-level category system (see Figure 2 ) with 23, 264, and 871 POI types, respectively. The first two digits of typecode represent the first-level category of the type field, the following two digits represent the second level category of the type field, and the last two digits represent the third level category of the type field. A higher-level category has more detailed type information. In our study, we focus on the second level type field of POI data. By sending Hypertext Markup Language (HTML) requests to the POI Search Application Program Interface (API) with a polygon parameter, we obtain all POIs within the polygon. For each query, the API returns POIs within the polygon. We generated fishnets over the incorporated study area and use each of them as a query polygon. A total of 292,885 POIs were obtained and drawn in Figure 1 .
We use Open Street Map (OSM) to assist with our studies [22] . Its Planet OSM project provides the city boundary data and road network data. We select the primary, secondary and tertiary roads as the main road network of Hangzhou City, and construct our transportation analysis zone (TAZ) as the land unit through the method proposed by Yuan [23] and Liu [24] . The strategy is described as follows:
Step 1: Use buffering operation to delineate the road space from the road network. The buffer distance in the TAZ spatial join operation is chosen by the Pareto principle of using the average nearest neighbor station distance. The 80% service distance is between 240 meters to 250 meters, which is slightly larger than the allocation distance of 200 meters published by the local transportation agency.
Step 2: Edit the disconnected areas, which are caused by dangle roads in which the endpoint of the road lines does not touch another road line.
Step 3: Merge all administrative boundaries into one polygon and remove the road space from that polygon.
We obtained 503 TAZs, covering approximately 13% of the eight districts of Hangzhou City ( Figure 1 ).
Methodology
Text mining technologies, especially topic modelling are introduced to extract high-level latent semantic information; to mine the land functions and gain human understanding of city knowledge [10, 25] . Latent Dirichlet allocation (LDA) is the most popular generative topic model for collections of discrete data [23, 25, 26] and has been widely applied in the urban functional zone identification process. Different mobility metrics are built and assembled as word/term to capture semantic topics. For example, Yuan illustrates a transition cuboid [1] to aggregate taxi pick-up/drop-off behavior. He also explores a more advanced topic model, Dirichlet Multinomial Regression (DMR) [27] , to couple taxi pick-up/drop-off behavior with POI information. Gao [28] introduces the visiting frequency for different Foursquare venues to derive urban functional regions. A more relevant research paper comes from Bao [26] that uses numbers of BSS check-in events and a combination of temporal characteristics and station type to form a semantic word. However, we cannot directly transform and convert their models to solve our problem because the bicycle rental data are station sampled instead of trip information, which means neither check-in frequency nor origin/destination stations can be used for a topic model. Thus, we introduce the Normalized Available Bicycles (NAB) index in our topic modelling process. This index has been applied in Froehlich [16] and O'Brien [17] 's work as a sign of the usage status for a BSS station.
The analysis framework we propose for the identification of urban functional zones from bicycle rental records and POI data have two steps (see Figure 3 ): (1) topic modelling and (2) semantic annotation. The topic model extracts semantic topics from terms formed by station character and takes POI information as an enriched local character. Function matrices representing the distribution of different semantic topics for each TAZ is generated. Next, a clustering method is applied to delineate the functional zones, aggregating TAZs with similar topic distribution into a zone. Additionally, word clouds for each zone are drawn to help identify urban functions. Please note that the function types are not defined beforehand but are identified by our clustering and word cloud results. 
Topic Modelling
Term Formulation
The mobility metric we applied for each TAZ is an extension of the Normalized Available Bicycles. There is observation data for a bicycle station every hour that reports the number of rented bicycles and restored bicycles. First, all stations within one TAZ are selected from the spatial join result of the bicycle station layer with the TAZ layer. Then, equation (1) is used to integrate each station's NAB value [20] of a given hour t and calculate the rental ratio for i-th TAZ. The total bicycle number is the sum of rented bicycles and restored bicycles. 
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Next, the Natural Breaks classification method transforms the rental ratio to a five-level categorized value: empty, low, moderate, high, and full, representing the different rental status of a TAZ. The Natural Breaks, also known as Jenks, can identify groups with similar values and maximizes the differences between groups [29, 30] . Finally, appending the status code with temporal characters of day and hour, we construct the term/word depicting the TAZ. For example, TAZ #1 may have one term of "Mon08empty", which means the rented bicycles within the region on Monday at 8 AM is nearly zero.
Vector Calculation
Except for the term formulation and mobility metrics choice in the identification work, it is tricky to give a function definition when researchers use these human mobility data because (1) they are high in volume and full of noise; and (2) different types of media give different semantic information. Auxiliary information such as POI data [23, 31, 32] or prior knowledge [33, 34] are often introduced to help define the land function after the clustering process. POI shows basic information related to specific coordination, i.e., address, name, and category, which has the potential to unveil the urban land use characteristics [23, 35] .
In our paper, we use the first-level categories of POI data and calculate all POIs within a TAZ (with a buffer distance of 0.001°, equal to approximately 100 meters) and then construct a meta vector ( )
, where n denotes the number of POI categories and i v is the frequency of the ith POI category in a TAZ and can be calculated by Equation (2) . 
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Term Formulation
The mobility metric we applied for each TAZ is an extension of the Normalized Available Bicycles. There is observation data for a bicycle station every hour that reports the number of rented bicycles and restored bicycles. First, all stations within one TAZ are selected from the spatial join result of the bicycle station layer with the TAZ layer. Then, Equation (1) is used to integrate each station's NAB value [20] of a given hour t and calculate the rental ratio for i-th TAZ. The total bicycle number is the sum of rented bicycles and restored bicycles.
Next, the Natural Breaks classification method transforms the rental ratio to a five-level categorized value: empty, low, moderate, high, and full, representing the different rental status of a TAZ. The Natural Breaks, also known as Jenks, can identify groups with similar values and maximizes the differences between groups [29, 30] . Finally, appending the status code with temporal characters of day and hour, we construct the term/word depicting the TAZ. For example, TAZ #1 may have one term of "Mon08empty", which means the rented bicycles within the region on Monday at 8 a.m. is nearly zero.
Vector Calculation
In our paper, we use the first-level categories of POI data and calculate all POIs within a TAZ (with a buffer distance of 0.001 • , equal to approximately 100 meters) and then construct a meta vector x = (v 1 , v 2 , . . . , v n ), where n denotes the number of POI categories and v i is the frequency of the i-th POI category in a TAZ and can be calculated by Equation (2) .
Model Training and Inference
The fundamental assumption of our approach is that the bicycle rental characteristic, represented through an observable indicator, is related to a place's land use and social functions [6] . In turn, we can yield the land function matrix through a latent topic detection process. Additionally, we hypothesize that regions with similar POI distribution have a more significant possibility to share similar bicycle rental characteristics. Thus, the Dirichlet Multinomial Regression model is chosen because it takes metadata into the generative process while maintaining efficient and robust performance.
Accordingly, we define an analogy to explore the urban functions using the DMR model. We take the bicycle rental status of a particular time of a land unit as a word/term and a continuous ten-day hourly rental status series of a TAZ as a document. The corpus is comprised of such documents of all TAZs. Additionally, the POI information within a land unit is regarded as the metadata. The data generating process of the land functional matrix can be summarized as:
For each latent land function type f ∈ {1, . . . , F},
2.
For each TAZ i ∈ {1, . . . , I}, a.
For each latent land function type f, let α i, f = exp x T i λ f , which is where the assumption of POI distribution may affect land use and land function works. b.
Draw θ i ∼ Dir(α i ).
3.
For the t-th hour in the i-th land unit, a.
Where λ f is the n-length, normally distributed random vector. The mean value is µ and the standard deviation is δ. n is decided by the number of POI categories. ϕ f represents the mixture weights of hourly rental statuses. Dir denotes the Dirichlet distribution with β as a hyper parameter. x T i encodes the n-length POI vector depicted in Section 3.1.2, and θ i represents a f -length vector representing the mixture weights for each land function. z i,t is the latent land function type. From ϕ z i,t , we finally get the terms w i,t formed in Section 3.1.1.
Semantic Annotation
Region Aggregation
After deriving the latent thematic topics by running the DMR model, each region can be represented as a vector of the T-dimensional topics. Regions that are similar in the topic space share the same urban function and can be aggregated into the same cluster as a functional zone. K-means is an unsupervised clustering approach that is widely used in aggregating functional zones and activity pattern [23, 26, 28, 36] . In Zhan's [36] comparative studies, after testing the standard hard partitioning methods, the fuzzy partitioning methods, and some more advanced clustering algorithms, he concludes that the K-means algorithm demonstrated the best performance in the land use inference.
During the region aggregation process, the K-means clustering method is implemented and spatial units are assigned to k clusters where the number k needs to be predefined. We use cluster validation indices to measure if a structure found with the cluster analysis is adequate and how well an object is appropriately clustered. Among the current indices, the silhouette criterion [37] [38] [39] is the most widely used index for determining an appropriate value of a cluster number. The range of the silhouette value is between 0 and 1. A high value (close to 1) indicates that an object is appropriately clustered and is highly unique from other clusters.
Word Cloud: TF-IDF
Word clouds have been widely used in the text mining domain to provide a content overview [31, 40] . In our proposed approach, we generate the word cloud to give a compact visual form of land functions of different clusters. Moreover, a group of colors is predefined to distinguish different urban functions.
Land function labels are extracted and broken down from POI category information. We introduce a series of filters to remove special characters (i.e., "/" and "&") and stop words. The stop words include not only traditional stop words for common text mining tasks (i.e., "it", "and" and "a") but also some high-frequency spatial referenced words (i.e., "related", "building" and "places"). Then, we calculate the term frequency-inverse document frequency (TF-IDF) value of each term as the font size, as in Equation (3). Term frequency (TF) counts the frequency of category t in the label collection of a cluster i. The inverse document frequency (IDF) is the probability that term t will occur in a given document d in the corpus and can be calculated as Equation (4) . N is the total documents of the corpus.
Results and Analysis
Exploratory Analysis
To have a first impression of the data, we present the mobility index to highlight the temporal demand pattern in Figure 4 . The curve lines of weekdays and weekends both have a higher value in the daytime and a lower demand at night. Early on weekday mornings, there is a high rented bicycle ratio at approximately 8 a.m. A local minimum occurs at 1 p.m. to 2 p.m. as people have lunch and take a break, and then the curve goes up slightly approximately 3 p.m. and continues to fall off afterward. A possible explanation may be that people tend to use the bicycles to commute to the office in the morning instead of going home, since the time limitation is much looser at night and allows for more travel choices such as walking. If so, a bicycle re-balancing task shall be done every day to ensure there are enough bicycles near residents' home.
In contrast to the weekday activity, on the weekends there is no sign of the 8 a.m. commute. Instead, the morning peak hour shifts from 8 a.m. to 10 a.m., indicating that the function activity transforms from commute into recreation and daily activities. The trend coincides with the previous daily peak pattern of Vogel and Froehlich [15, 41] . Moreover, the bicycle demand on weekdays is relatively higher than on weekends during the daytime, showing that the public bicycle system in Hangzhou City functions more as a commuter transportation system. 
Clustering Results
Considering the number of urban functional types in the official land use map, we set the topic number as 8. Figure 5a shows the perplexity during our topic modelling process, and it achieves convergence after 100 iterations. In the clustering process, we tried different k values ranging from 3 to 19 and calculated the silhouette value in Figure 5b . The silhouette value first gets a high score when the cluster number is 5, then sharply decreases and get a second local maximum at 8. Thus, we chose 5 and 8 to be the candidate cluster number, and the corresponding cluster results are drawn in Figure 6 . We find that the results are quite similar. Some categories on the left (k = 5) are separated into sub-categories on the right (k = 8): cluster 2 (k = 5) is separated into clusters 1, 4 and 7 (k = 8); cluster 3 (k = 5) is separated into clusters 2 and 6 (k = 8). The others remained the same, i.e., cluster 0 (k = 5) and cluster 0 (k = 8), cluster 1 (k = 5) and cluster 5 (k = 8), and cluster 4 (k = 5) and cluster 3 (k = 8). 
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Themed Functions
In the word cloud we removed the POI data with a first-level type of transport services (typecode starts with "15"), road furniture (typecode starts with "18"), place name (typecode starts with "19"), pass facilities (typecode starts with "99") and indoor facilities (typecode starts with "97") and kept the rest, which are more related to land use. The references for removing and re-organizing the POI categories for detecting land use can be found in [10, 26, 32] . We produced the word cloud using the mid category system of Gaode and extracted the semantic characteristic of the clustering results.
At the beginning of the word cloud generation process, every cluster gave some high-weighted words, although we have added the traditional words and some spatially referenced words as stop words (in Table 1 ), which created a barrier for us to extract the themed function type. A similar situation occurred in Gao's [28] research in distinguishing different functional zoning, where coffee 
At the beginning of the word cloud generation process, every cluster gave some high-weighted words, although we have added the traditional words and some spatially referenced words as stop words (in Table 1 ), which created a barrier for us to extract the themed function type. A similar situation occurred in Gao's [28] research in distinguishing different functional zoning, where coffee shops widely exist in most regions. Therefore, we filtered the influence of these general features within every cluster and re-calculated the TF-IDF value. These non-distinctive words are also listed in Table 1 for reference. The word clouds are rendered by different theme color. Orange is mapped to daily life label sets, including residential, convenience store, hairdressing, pharmacy, and beauty. Yellow is used to depict recreation and leisure activities such as bath and massage. Blue is related to public services such as schools, hospitals, public toilets, and governmental agencies. Dark blue is mapped to business and commercial activities such as the electronic hypermarket, house materials market, automobile, clothing, insurance, and finance. Finally, green is used to depict attractions and travel facilities such as scenic areas, attractions, hotels, and hostels. By looking at the color composition and high-weighted keywords, researchers have an impression of the urban functional zone clusters. Figure 8 gives the semantic annotation results when the cluster number is 5. We have two residential clusters (cluster 0 and cluster 4) with a batch of daily life labels. Apart from some general daily life labels, typical Hangzhou-style (Leisure City) labels, such as massage and bath are highlighted in the word clouds. Compared to cluster 0, the word cloud of cluster 4 shows some business function labels, which may be why temporal curve does not behave like a standard commuting curve with a dip at 11 a.m. to 2 p.m. Cluster 1, with a combination of residential and industrial labels and a low rent ratio, belongs to the suburban area and urban fringe. Cluster 2, providing public services, leisure actives as well as attractions and travel facilities, is the only one with a higher rent ratio on weekends than weekdays. The dominant blue color in the word cloud of cluster 3 indicates primary industrial land use of land. Although the word clouds and temporal curves of clusters 3 and 4 are similar, the loss of residential labels in the cluster 3 results in a flatter daytime curve.
The definitions above are based on the primary function of each cluster even it may have other minor functions. For example, cluster 2 is mixed with residential labels. When we further draw word clouds for the clustering result of k = 8, Figure 9 clearly shows that the function label changes. Cluster 2 (k = 5) extracts its business role to clusters 1 and 4 (k = 8) and its daily life and recreation activities to cluster 7 (k = 8). At the same time, the temporal curve in Figure 10 changes synchronically. Clusters 1 and 4 inherit the nature of the business function and are more active on weekends, while cluster 7 behaves a commuting curve that is more seen in the residential area. Although the same labels, i.e., governmental, school and hotel appear in both clusters 1 and 4, the former has distinctive labels such as enterprises, finance, and insurance, addressing financial activities more, while the latter has labels such as scenery, spot and foreign, indicating tourism services. 
Consistency with the Urban Master Plan
To understand how well the clustering results match with urban land use, we measured the consistency by the percentage of overlapping that exists between our results with the 2016 Urban 
To understand how well the clustering results match with urban land use, we measured the consistency by the percentage of overlapping that exists between our results with the 2016 Urban Master Plan (http://www.hzplanning.gov.cn/index.aspx?tabid=641facd5-9004-46a0-91b2-7936584281fe). We manually checked every TAZ using both official Urban Master Plan and Google Map to obtain up-to-date urban land use data.
Since the semantic annotation is a little different from the category in the 2016 Urban Master Plan, we use a general mapping scheme (Table 2) to test the accuracy of our clustered result. The comparison is drawn in Figure 11 . Educational land, business area, and public facilities are combined to compare with cluster 2 (k = 5) and clusters 1 and 4 (k = 8). They all provide different public services for citizens. Industrial land is compared to cluster 3 (k = 5) and clusters 2 and 6 (k = 8). Additionally, residential areas are compared to clusters 0, 1 and 4 (k = 5) and clusters 0, 3, 5 and 7 (k = 8). The others in the 2016 Master Plan are not calculated in our experiment because the semantic annotation did not detect any of them. Each element in Table 3 represents a specific land use general type in the 2016 Urban Master Plan that is covered by one of our land use clusters, i.e., Industrial, Business and Residential. The last columns show the overall accuracy of our land use detection. Comparing our results across different types, we observe that residential land shows the highest percentage (59.4% when k = 5 and 66.8% Green-land\Rural area\Open space --Each element in Table 3 represents a specific land use general type in the 2016 Urban Master Plan that is covered by one of our land use clusters, i.e., Industrial, Business and Residential. The last columns show the overall accuracy of our land use detection. Comparing our results across different types, we observe that residential land shows the highest percentage (59.4% when k = 5 and 66.8% when k = 8), which is comparable to Martinez's [33] study using Twitter with an accuracy of 64.14% and Toole's [8] research using mobile data with an accuracy of 54%. However, green land, rural area and open space have not been detected. We believe that the main reason for that is these land use types are inferior to other types concerning POI, which will be discussed in detail later. 
Discussion
The Role of POI Data
To show the impact of the DMR model when incorporating the POI information during the functional matrix generation process, we use the original LDA model as a comparative exploration. We use a similarity measurement between the 2016 Master Plan and two clustering results to evaluate the clustering performance.
Specifically, we use an information theoretic index called V-measure (Andrew and Hirschberg, 2007; Niesterowicz et al., 2016). Two desirable objectives define it for any cluster assignment. By making a pairwise comparison, we know the extent to which each cluster in A contains only members of a single class in B (homogeneity) and whether all members of a given cluster in A are assigned to the same cluster in B (completeness). All these measures should be bounded in [0, 1] . The closer to 1 they are, the better the clustering performance is.
From Table 4 we concluded that DMR modelling has better performance in both homogeneity and completeness indices, resulting in a better V-score. It shows the great benefit of incorporating the POI information into our functional matrix generation process. 
Limitations and Possible Solutions
In the following section, we discuss in detail the possible reasons that cause inconsistency between the urban master plan and our urban functional zones. We conclude three typical errors and explain possible reasons.
• Mixed land function. Some land functions may inferior to other land functions. For example, middle schools and elementary schools may be surrounded by residential communities within a TAZ. Restaurants and stores are also part of the space. However, we may interpret this region as a residential area instead of education land or business land. Using a finer division (i.e., block level or building level) may help with the problem.
• Semantic difference. The semantic annotation process has a significant influence on the functional zone cluster results. TAZ's function varies when considering different perspectives. For example, the mountain around West Lake includes biological services (green land), tourism services (business area) and an office building for high-tech companies (industrial land). This error is different from the above because it cannot be solved by using a smaller unit. This kind of mixed function will increase with the development of the complexity of the urban system. We believe that this is quite useful for future urban planners and city managers to understand real multi-functionality.
• Inefficiency in open space/rural area/green-land identification. This kind of defect is caused by our data-driven method. Bicycle rental activities occur less in those areas. Additionally, the POI information comes from the commercial database assigning more weight to human commercial activities. The solution to this error is to introduce multi-source data or remote sensing imaginary as the input of our functional matrix generation process.
Conclusions
In this paper, we apply topic modelling techniques to extract a city functional matrix from bicycle rental records and POI information of Hangzhou City. We use the K-means clustering method with a word cloud visualization expression to delineate the urban functional zones. Business areas, industrial areas, and residential areas are well detected. The word cloud of function labels reveals the mixed land use of different types of urban functions. It also illustrates how diverse urban functions split into different TAZ clusters when we use a larger cluster number and define urban function zones at a more detailed level.
Our work contributes in two ways. First, an analysis framework designed for station-based public rental data are proposed. The effectiveness of term formulation via mobility metrics of bicycle rental records and POI vector can enlarge our data source of human mobility in urban studies. Second, our visual expression of high-weighted labels provides a new way to help annotate the semantic function of clustering results other than looking its geographical distribution over the city map. Additionally, it improves the understanding of the mixed land functions under a well-developed urban system. We expect that our visualization method of word cloud of land functions can also be applied to other sources of similar urban digital traces, such as cellular and floating cars, to help explain the complexity of the urban structure.
Our next research question may involve the relationship between multi-modal transportation data and urban functions. Other data sources, such as Very High Resolution (VHR) imagines and social media data should also be incorporated to solve the limitations in finding open space, rural area, and green land and to further improve the identification efficiency. Another problem is the complexity of semantic expression and the mixed land use representation, and we recommend a function matrix with a possibility distribution of different function activities instead of a primary function definition to be used in some modelling work such as the prediction of bicycle usage. 
